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Abstract: This paper proposes a processing chain for the derivation of global Leaf Area Index (LAI),
Fraction of Absorbed Photosynthetically Active Radiation (FAPAR), Fraction Vegetation Cover (FVC),
and Canopy water content (CWC) maps from 15-years of MODIS data exploiting the capabilities
of the Google Earth Engine (GEE) cloud platform. The retrieval chain is based on a hybrid method
inverting the PROSAIL radiative transfer model (RTM) with Random forests (RF) regression. A major
feature of this work is the implementation of a retrieval chain exploiting the GEE capabilities using
global and climate data records (CDR) of both MODIS surface reflectance and LAI/FAPAR datasets
allowing the global estimation of biophysical variables at unprecedented timeliness. We combine
a massive global compilation of leaf trait measurements (TRY), which is the baseline for more realistic
leaf parametrization for the considered RTM, with large amounts of remote sensing data ingested by
GEE. Moreover, the proposed retrieval chain includes the estimation of both FVC and CWC, which are
not operationally produced for the MODIS sensor. The derived global estimates are validated over the
BELMANIP2.1 sites network by means of an inter-comparison with the MODIS LAI/FAPAR product
available in GEE. Overall, the retrieval chain exhibits great consistency with the reference MODIS
product (R2 = 0.87, RMSE = 0.54 m2/m2 and ME = 0.03 m2/m2 in the case of LAI, and R2 = 0.92,
RMSE = 0.09 and ME = 0.05 in the case of FAPAR). The analysis of the results by land cover type
shows the lowest correlations between our retrievals and the MODIS reference estimates (R2 = 0.42
and R2 = 0.41 for LAI and FAPAR, respectively) for evergreen broadleaf forests. These discrepancies
could be attributed mainly to different product definitions according to the literature. The provided
results proof that GEE is a suitable high performance processing tool for global biophysical variable
retrieval for a wide range of applications.
Keywords: Google Earth Engine; LAI; FVC; FAPAR; CWC; plant traits; random forests; PROSAIL
1. Introduction
Earth vegetation plays an essential role in the study of global climate change influencing terrestrial
CO2 flux exchange and variability through plant respiration and photosynthesis [1,2]. Vegetation
monitoring can be achieved through the evaluation of biophysical variables such as LAI (Leaf Area
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Index), FVC (Fraction Vegetation Cover) and FAPAR (Fraction of Absorbed Photosynthetically Active
Radiation) [3,4]. LAI accounts for the amount of green vegetation that absorbs or scatters solar
radiation, FVC determines the partition between soil and vegetation contributions, while FAPAR is
a vegetation health indicator related with ecosystems productivity. In addition, canopy water content
(CWC) accounts for the amount of water content at canopy level, varies with vegetation water status,
and is usually computed as the product of leaf water content (Cw) and LAI [5,6]. These essential
variables can be estimated using remote sensing data and are key inputs in a wide range of ecological,
meteorological and agricultural applications and models.
Biophysical variables can be derived from remote sensing data using statistical, physical and
hybrid retrieval methods [7–9]. Statistical methods rely on models to relate spectral data with the
biophysical variable of interest, usually through some form of regression. Statistical methods such
as neural networks [10], random forests [11] or kernel methods [12], extract patterns and trends
from a data set and approximate the underlying physical laws ruling the relationships between them
from data. Physically-based retrieval methods are based on the physical knowledge describing
the interactions between incoming radiation and vegetation through radiative transfer models
(RTMs) [13,14]. In particular, the MODIS LAI/FAPAR product is based on a three-dimensional RTM
which links surface spectral bi-directional reflectance factors (BRFs) to both canopy and soil spectral and
structural parameters [15]. On the other hand, hybrid methods couple statistical with physically-based
approaches inverting a database generated by an RTM [16–18]. For example, CYCLOPES global
products [19] were derived inverting the PROSAIL radiative transfer model [20] using neural networks,
while the global EUMETSAT LAI/FAPAR/FVC products are being produced inverting PROSAIL
with multi-output Gaussian process regression from the EUMETSAT Polar System (EPS) [21]. The use
of RTMs implies modeling leaf and canopy structural and biochemical parameters. The ranges and
distribution of parameters used for running the simulations are usually based on field measurements
that are very useful for simulating specific land covers [16,17]. Nevertheless, when the objective is
to simulate a wide range of vegetation situations and land covers, ground data is often a limitation.
In these scenarios, the scientific community uses distributions based on several experimental datasets
such as the HAWAII, ANGERS, CALMIT-1/2 and LOPEX [22–25] which together embrace hundreds
of observations [26]. Continuous update of ground measurements used for radiative transfer modeling
are key in order to better constrain the RTM inversion process [27]. In this framework, the use of global
plant traits database (TRY) [28] containing thousands of leaf data could alleviate this limitation.
From an operational standpoint, processing remote sensing data on an ongoing basis demands
high storage capability and efficient computational power mainly when dealing with time series of long
term global data sets. This situation also occurs because of the wide variety of free available remote
sensing data disseminated by agencies such as the National Aeronautics and Space Administration
(NASA) (e.g., MODIS), the United States Geological Survey (USGS) (e.g., Landsat), and the European
Space Agency (ESA) (e.g., data from the Sentinel constellation) [29]. Recently, Google (Mountain View,
Cal., USA) developed the Google Earth Engine (GEE) [30], a cloud computing platform specifically
designed for geospatial analysis at the petabyte scale. The GEE data catalog is composed by widely
used geospatial data sets. The catalog is continuously updated and data are ingested from different
government-supported archives such as the Land Process Distributed Active Archive Center (LP
DAAC), the USGS, and the ESA Copernicus Open Access Hub. The GEE data catalogue contains
numerous remote sensing data sets such as top and bottom of atmosphere reflectance, as well
as atmospheric and meteorological data. Data processing is performed in a parallel on Google’s
computational infrastructure, dramatically improving processing efficiency, and opens up excellent
prospects especially for multitemporal and global studies that include vegetation, temperature, carbon
exchange, and hydrological processes [31–35].
The present study proposes a generic retrieval chain for the production of global LAI, FAPAR, FVC
and CWC estimates from 15 years of MODIS data (MCD43A4) on the GEE platform. The methodology
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is based on a hybrid method inverting a PROSAIL radiative transfer model database with random
forests (RFs) regression. Major contributions of the presented work are:
• The development of a general methodology for global LAI/FAPAR estimation including FVC and
CWC which are not provided by MODIS.
• The use of a global plant traits database (composed of thousands of data) for probability
density function (PDF) estimation with copulas to be used for radiative transfer modeling
leaf parameterization.
• The enforceability of biophysical parameter retrieval chain over GEE exploiting its capabilities to
provide climate data records of global biophysical variables at computationally both affordable
and efficient way.
Validation was performed by means of inter-comparison with the official MODIS LAI/FAPAR
product available on GEE (MCD15A3H) over a network of globally distributed sites. The only process
computed locally is the RTM simulation, while the inversion of the database, the derivation of the global
maps, and the assessment of the retrievals have been performed into the GEE platform. Furthermore,
the proposed methodology estimates both FVC and CWC variables which are not part of the official
MODIS products, giving an added value to this work.
The remainder of the paper is structured as follows. Section 2 describes the data used in this work
while Section 3 outlines the followed methodology. Section 4 exhibits the obtained results and the
validation of the global estimates, and Section 6 discusses the main conclusions of this work.
2. Data Collection
2.1. MODIS Data
In this study, we used the MCD43A4 and the MCD15A3H MODIS products both available in
GEE. Both the MCD (MODIS Combined Data) reflectance and LAI/FAPAR products are generated
combining data from Terra and Aqua spacecrafts and are disseminated in a level-3 gridded data
set. The MCD43A4 product provides a Bidirectional Reflectance Distribution Function (BRDF) from
a nadir view in the 1–7 MODIS bands (i.e., red, near infrared (NIR), blue, green, short wave infrared-1
(SWIR-1), short wave infrared-2 (SWIR-2), and middle wave infrared (MWIR), see Table 1). MCD43A4
offers global surface reflectance data at 500 m spatial resolution with 8-day temporal frequency.
Table 1. Spectral specifications of the MODIS MCD43A4 product.
MCD43A4 Band Wavelength (nm)
Band 1 (red) 620–670
Band 2 (NIR) 841–876
Band 3 (blue) 459–479
Band 4 (green) 545–565
Band 5 (SWIR-1) 1230–1250
Band 6 (SWIR-2) 1628–1652
Band 7 (MWIR) 2105–2155
On the other hand, GEE also offers access to MODIS derived LAI and FAPAR estimates through
the MCD15A3H collection 6 product. The temporal frequency of the biophysical estimates is every
four days, and the retrieval algorithm chooses the “best” pixel available from all the acquisitions of
both MODIS sensors from within the 4-day period. The MCD15A3H main retrieval algorithm uses
a look-up-table (LUT) approach simulated from a 3D RTM. Basically, this method searches for plausible
values of LAI and FAPAR for a specific set of angles (solar and view), observed bidirectional reflectance
factors at certain spectral bands, and biome types [15]. In addition, the MCD15A3H employs a back-up
algorithm (when the main one fails) that uses empirical relationships between NDVI (Normalized
Difference Vegetation Index) and the biophysical parameters. Similarly to MCD43A4, the pixel’s spatial
resolution is 500 m.
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2.2. Global Plant Traits
The TRY database represents the biggest global effort to compile a massive global repository
for plant trait data (6.9 million trait records for 148,000 plant taxa) at unprecedented spatial and
climatological coverage [28,36]. So far, the TRY initiative has delivered to the scientific community
around 390 million trait records which have resulted in more than 170 publications (https://www.
try-db.org/). The applications of the database range from functional and community ecology, plant
geography, species distribution, and vegetation models parameterizations [37–40].
We use a realistic representation of global leaf trait variability provided by the TRY to
optimize a vegetation radiative transfer model (PROSAIL), commonly used by the remote sensing
community [41]. Instead of using the common lookup tables available in the literature to parametrize
the model [19,21,42], we exploit the potential of the TRY database to infer the distributions and
correlations among some key leaf traits (leaf chlorophyll Cab, leaf dry matter Cdm and water Cw
contents) required by PROSAIL. Table 2 shows some basic information about the considered traits
extracted from the TRY.
Table 2. Information about the TRY data used in this work.
Trait Name Number of Samples Number of Species
Cab 19,222 941
Cdm 69,783 11,908
Cw 32,020 4802
3. Methodology
Physical approaches to retrieve biophysical variables rely on finding the best match between
measured and simulated spectra. The solution can be achieved by means of numerical optimization or
Monte Carlo approaches which are computationally expensive and do not guarantee the convergence
to an optimal solution. Recently, new and more efficient algorithms relying on Machine Learning
(ML) techniques have emerged and have become the preferred choice for most RTM inversion
applications [16–19,21]. In this work, we have followed the latter hybrid approach, combining radiative
transfer modeling and the parallelized machine learning RFs implementation available in GEE to
retrieve the selected biophysical variables. Figure 1 shows a schema of the work flow.
3.1. Creation of Leaf Plant Traits’ Distributions
Recent research has highlighted the importance of exploiting a priori knowledge to constrain
solutions of the ill-posed inversion problem in RTMs [27,43]. In this work, we used the TRY database
and the available literature to extract prior knowledge and improve our results. Despite using the
biggest plant trait database available, the representation of trait observations in a spatial and climate
context in the TRY is still limited, and it shows significant deviations among observed and modelled
distributions [28]. Trait measurements in the TRY represent the variation of single leaf measurements
because they are not abundance-weighted with respect to natural occurrence [28]. Trait distributions
are biased due to the availability of samples, which vary significantly due to technical difficulties for
sampling (e.g., very dense forests and remote areas) or the availability of funds to carry out expensive
field measurement campaigns in the different parts of the globe. To overcome these issues, we have
computed our leaf traits’ univariate distribution functions by combining the plant trait database (TRY)
with a global map of plant functional types (PFTs). The chosen global map of plant functional types
was the official MODIS (MCD12Q1) land cover product [44], we used this product to compute global
fractions of PFTs to weight more realistically species’ occurrence for the selected traits (leaf chlorophyll,
leaf dry matter, and leaf water contents).
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Figure 1. Work flow of the proposed retrieval chain over GEE.
The categorical information available in TRY allowed us to group leaf trait measurements in the
common PFT definitions. These grouped data were then used to compute individual normalized
histograms for each PFT, whereas the final leaf trait histogram was calculated as the weighted sum of
each PFT normalized histogram according to the global PFT’s spatial occurrence fractions. Repeating
this process for all considered leaf traits, we obtained their final univariate distribution functions.
These functions were inferred directly from the data by means of a non-parametric kernel density
estimation (KDE, [45]). This approach allowed us to model leaf probability distributions without
requiring any assumption regarding parametric families.
Some combinations of plant traits, like the ones considered in this work, exhibit significant
correlations and tradeoffs as a result of different plant ecological strategies [46]. In order to
capture these dependencies among traits, we created distributions that were also able to model
correlated multivariate data by means of different copula functions. These functions separate marginal
distributions from the dependency structure of a given multivariate distribution [47]. More precisely,
we use a multivariate Gaussian copula function [48]. Using the calculated marginal univariate
distributions for each trait and the Gaussian multivariate copula, computed from leaf measurements
of the TRY database, we created a set of random training samples while preserving the correlation
structure among them (see Figure 2).
Figure 2. Constrained random samples of leaf chlorophyll (Cab), leaf dry matter (Cdm), and leaf water
(Cw) contents based upon prior knowledge of the TRY database, the MODIS land cover (MCD12Q1),
kernel density estimators, and copulas.
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3.2. Radiative Transfer Modeling
We used the PROSAIL RTM, which results from coupling the PROSPECT leaf optical model [49]
with the SAIL canopy reflectance model [50]. Note that we used the PROSPECT-5B [26] for the
coupling, which accounts for chlorophylls and carotenoids separately. PROSAIL was run in forward
mode for building a database mimicking MODIS canopy reflectance. These data were then used for
training the retrieval model assuming turbid medium canopies with randomly distributed leaves.
PROSAIL simulates top of canopy bidirectional reflectance from 400 to 2500 nm with a 1 nm spectral
resolution as a function of leaf biochemistry variables, canopy structure and background, as well as
the sun-view geometry. Leaf optical properties are given by the mesophyll structural parameter (N),
leaf chlorophyll (Cab) and carotenoid (Car) contents, leaf brown pigment (Cbp) content, as well as leaf
dry matter (Cm) and water (Cw) contents. The average leaf angle inclination (ALA), the LAI, and the
hot-spot parameter (Hotspot) characterize the canopy structure. A multiplicative brightness parameter
(βs) was used to represent different background reflectance types [19]. The system’s geometry was
described by the solar zenith angle, the view zenith angle, and the relative azimuth angle between
both angles, which in our case corresponded to illumination and observation zenith angles of 0◦.
Sub-pixel mixed conditions (i.e., spatial heterogeneity) were tackled assuming a linear spectral mixing
model, which pixels are composed by a mixture of pure vegetation (vCover) and bare soil (1-vCover)
fractions’ [21].
The leaf variables were randomly generated following the calculated kernel density distributions
from the available leaf traits measurements, whereas distributions of the canopy variables as well as the
soil brightness parameter, were similar to those adopted in other global studies [19,21]. Brown pigments
were intentionally set to zero in order to account only for photosynthetic elements of the canopy (see
Table 3). In addition, with the aim of accounting for different sources of noise (e.g., atmospheric
correction, BRDF normalization or radiometric calibration) a wavelength dependent white Gaussian
noise was added to the reflectances of the PROSAIL simulations. Specifically, a Gaussian noise with
σ = 0.015 was added in the blue, green, and red channels, σ = 0.025 in the NIR, and σ = 0.03 in the
SWIR-1, SWIR-2 and MWIR.
Table 3. Distributions of the parameters within the PROSAIL RTM at leaf (PROSPECT-5B) and canopy
(SAIL) levels. * KDE refers to kernel density estimation method, which does not provide any parameters
being a non parametric model of the marginal distributions.
Parameter Min Max Mode Std Type
Leaf
N 1.2 2.2 1.6 0.3 Gaussian
Cab (µg·cm−2) - - - - KDE *
Car (µg·cm−2) 0.6 16 5 7 Gaussian
Cdm (g·cm−2) - - - - KDE *
Cw - - - - KDE *
Cbp 0 0 0 0 -
Canopy
LAI (m2/m2) 0 8 3.5 4 Gaussian
ALA (◦) 35 80 60 12 Gaussian
Hotspot 0.1 0.5 0.2 0.2 Gaussian
vCover 0.3 1 0.99 0.2 Truncated Gaussian
Soil βs 0.1 1 0.8 0.6 Gaussian
3.3. Random Forests Regression
The inversion of PROSAIL was done using standard regression. There is a wide variety of
machine learning models for regression and function approximation. In this paper, we focus on the
particular family of methods called random forests (RFs). An RF is essentially an ensemble method
that constructs a multitude of decision trees (each of them trained with different subsets of features and
examples), and yields the mean prediction of the individual trees [51]. RFs’ classification and regression
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have been applied in different areas of concern in forest ecology, such as modelling the gradient of
coniferous species [52], the occurrence of fire in Mediterranean regions [53], the classification of species
or land cover type [54,55], and the analysis of the relative importance of the proposed drivers [55] or
the selection of drivers [54,56,57]. The selection of RFs in our study is not incidental, and we capitalize
on several useful properties. The main advantage of using RFs over other traditional machine learning
algorithms like neural networks (NNETs) is that they can cope with high dimensional problems
very easily thanks to their pruning strategy. In addition, unlike kernel machines (KMs), RFs are
more computationally efficient. The RF strategy is very beneficial by alleviating the often reported
overfitting problem of simple decision trees. Moreover, this paper training data set has been split
into train and an independent test set that was only used for the assessment of the RFs. In addition,
RFs excel in the presence of missing entries, heterogeneous variables, and can be easily parallelized
to tackle large scale problems, which is especially relevant in the application described in this work.
This way, we can exploit large datasets and run predictions within Google Earth Engine easily. In this
work, we predicted the considered biophysical variables (LAI, FAPAR, FVC, and CWC) using the full
set of MODIS land bands shown in Table 1.
4. Results and Validation
4.1. Random Forests Theoretical Performance
In this section, we evaluate the RFs’ theoretical capabilities for LAI, FAPAR, FVC and CWC
retrieval. The training database was composed of 14,700 cases of reflectances in the MODIS channels
(Table 1) and the corresponding biophysical variables (i.e., LAI, FAPAR, FVC, and CWC) accounting
for any combination of the PROSAIL parameters. We first trained RFs with 70% of the PROSAIL
samples and then evaluated the estimation results over the remaining 30% of the samples (not in the
training). Figure 3 shows the scatter plots of the RFs’ estimates of every biophysical parameter over
the unseen test set. High correlations (R2 = 0.84, 0.89, 0.88, and 0.80 for LAI, FAPAR, FVC and CWC,
respectively) low Root-Mean-Squared Errors (RMSE = 0.91 m2/m2, 0.08, 0.06, and 0.27 kg/m2 for LAI,
FAPAR, FVC and CWC, respectively) and practically no biases were found in all cases (see Figure 3).
Figure 3. Theoretical performance of the Random forest regression over PROSAIL simulations of LAI,
FAPAR, FVC and CWC. The colorbar indicates density of points in the scatter plots.
Remote Sens. 2018, 10, 1167 8 of 17
4.2. Obtained Estimates over GEE
After the RFs’ regression assessment undertaken in the previous section, we ran the retrieval
chain in GEE and obtained 15 years of global biophysical parameters. Here, we show the global mean
values of LAI, FAPAR, FVC and CWC derived from 2010 to 2015 (Figure 4). The spatial distribution
of retrieved parameters is expected, reaching the highest mean values close to the Equatorial zones
(Central Africa forests and Amazon basin) followed by the Northern latitudes (e.g., boreal forests).
In addition, Figure 5 shows the mean LAI and FAPAR values for the same period computed from the
GEE MODIS reference product (MOD15A3H) freely distributed from the Land Processes Distributed
Active Archive Center (LP DAAC) portal https://lpdaac.usgs.gov/.
Figure 4. LAI, FAPAR, FVC, and CWC global maps and latitudinal transects corresponding to the
mean values estimated by the proposed retrieval chain for the period 2010–2015.
Figure 5. LAI and FAPAR global maps and latitudinal transects corresponding to the mean values of
the GEE MODIS reference product (MOD15A3H) for the period 2010–2015.
4.3. Validation
Validation of LAI and FAPAR retrievals was undertaken by means of inter-comparison with
the available LAI/FAPAR product (MCD15A3H) on GEE. The inter-comparison was conducted over
a network of sites named BELMANIP-2.1 (Benchmark Land Multisite Analysis and Intercomparison
of Products). These sites were especially selected for representing the global variability of vegetation ,
making them suitable for global intercomparison of land biophysical products [58]. BELMANIP-2.1
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is an updated version of the original BELMANIP sites which includes 445 sites located in relatively
homogeneous areas all over the globe (see Figure 6). The sites are aimed to be representative of the
different planet biomes over an 10 × 10 km2 area, mostly flat, and with minimum fractions of urban
area and permanent water bodies.
Figure 6. Sites location of the BELMANIP-2.1 network used for intercomparison of LAI and FAPAR
retrievals and MOD15A3H LAI/FAPAR product.
We selected the MODIS pixels for every BELMANIP-2.1 location and then we computed the mean
value of the MODIS valid pixels within a 1 km surrounding area. We also considered the contribution
of partial boundary pixels by weighting their contribution to the mean according to their fractions
included within the selected area. Non-valid pixels (clouds, cloud shadows) and low-quality pixels
(back-up algorithm or fill values) were excluded according to the pixel-based quality flag in the MCD
products. In addition, since the MCD15A3H and MCD43A4 differ in temporal frequency, only the
coincident dates between them were selected for comparison. Due to the large amount of data available
in GEE, we were able to select only high-quality MODIS pixels, resulting in ∼60,000 valid pixels from
2002–2017 for validation. Figure 7 shows per biome scatter plots between the estimates provided by
the proposed retrieval chain and the reference MODIS LAI product over the BELMANIP2.1 sites from
2002 to 2012. Goodness of fit (R2) ranging from 0.70 to 0.86 and low errors (RMSE) ranging from 0.23
to 0.57 m2/m2 are found between estimates in all biomes except for evergreen broadleaf forest, where
R2 = 0.42 and RMSE = 1.13 m2/m2 are reported.
Similarly, Figure 8 shows the obtained scatter plots for FAPAR. In this case, very good agreement
(R2 ranging from 0.89 to 0.92) and low errors (RMSE ranging from 0.06 to 0.08) are found between
retrievals and the MODIS FAPAR product, over bare areas, shrublands, herbaceous, cultivated, and
broadleaf deciduous forest biomes. For needle-leaf and evergreen broadleaf forests lower correlations
(R2 = 0.57 and 0.41) and higher errors (RMSE = 0.18 and 0.09) are obtained. It is worth mentioning
that over bare areas, the MODIS FAPAR presents an unrealistic minimum value (∼0.05) through the
entire period.
Figure 9 shows the LAI and FAPAR difference maps computed from the mean estimates
(2010–2015) provided by the proposed retrieval chain and the mean reference MODIS LAI/FAPAR
product. Mean LAI map revealed that most of the pixels fall within the range of ±0.5 m2/m2,
which highlights the consistency between products. However, for high LAI values, there is an
underestimation of the provided estimates over very dense canopies that may reach up to 1.4 m2/m2.
In the case of FAPAR, there is a constant negative bias of ≈0.05 which is also noticeable in the scatter
plots shown in Figure 8. This is related with a documented systematic overestimation of MODIS FAPAR
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retrievals [59–61], which is partly corrected by the proposed retrieval approach. The spatial consistency
of LAI/FAPAR estimates was also compared over the African continent (Figure 10). The latitudinal
transects provided by Figure 10 clearly show an underestimation of LAI retrievals in equatorial forests,
having a better agreement for the remaining biomes.
Figure 7. Biome-dependent scatter plots of the retrieved LAI over BELMANIP2.1 sites for the period
2002–2017. The colorbar indicates density of points in the scatter plots.
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Figure 8. Biome-dependent scatter plots of the retrieved FAPAR over BELMANIP2.1 sites for the
period 2002–2017. The colorbar indicates density of points in the scatter plots.
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Figure 9. LAI and FAPAR global maps and latitudinal transects corresponding to the difference of
mean values between derived estimates by the proposed retrieval chain and the GEE MODIS reference
product for the period 2010–2015.
Figure 10. LAI (left) and FAPAR (right) latitudinal profiles over Africa (longitude 22◦E) corresponding
to the mean values of the GEE MODIS reference product and estimated by the proposed retrieval chain
for the period 2010–2015.
5. Discussion
The usefulness of GEE for providing global land surface variables related to vegetation status
was demonstrated in this work. GEE offers some major advantages mainly related to storage capacity
and processing speed. Despite the variety of algorithms implemented in GEE, its capabilities are
constrained by the number of state-of-the-art algorithms (in this case, regression-based) which are
currently implemented in GEE. However, this limitation is being overcome by the increasing number
of users developing algorithms that may be potentially implemented in GEE for a wide range of
applications. The functions in GEE utilize several built-in parallelization and data distribution models
to achieve high performance [30]. The RFs’ implementation in GEE is not an exception to that.
It allowed for the exploitation of large data sets and to obtain global estimates very efficiently. In GEE,
the system handles and hides nearly every aspect of how a computation is managed, including resource
allocation, parallelism, data distribution, and retries. These decisions are purely administrative; none
of them can affect the result of a query, only the speed at which it is produced [30]. Under these
circumstances, it is very difficult to give exact computation times because they vary in every run.
As an example, in the present work, to compute the mean biophysical maps implied to process 230
(46 yearly images × 5 years) FAPAR images at 500 m spatial resolution (∼440 million cells) and
compute their annual mean, it took around 6 h.
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The GEE data catalogue includes MODIS surface reflectance daily products, which can be
advantageous to fully exploit the information contained in the reflectance signal of the surface. In this
paper, we have preferred to use the normalized reflectance (MCD43A4) as an input. The BRDF
normalization and temporal compositing steps assume: (1) perfectness of the linear kernel model
inversion; (2) change of vegetation cover within temporal window is insignificant. These underlying
assumptions are approximate but allow robust estimates of the BRDF kernel coefficients. A number
of algorithms to retrieve satellite products (LAI, FAPAR and FVC) such as CYCLOPES (SPOT/VGT),
Copernicus (SPOT/VGT and PROBA-V), and LSA-SAF (MSG and EPS) use as input top of canopy
(TOC) normalized to a standard geometrical configuration [19,21,62]. This approach reduces
considerably the requirements in terms of number of inputs and computational load. Despite the
good speed potential of the proposed chain, the computational cost may be relevant when the aim
is to generate time series of global products. In order to reduce input uncertainties, we used the
quality flag provided by MCD43 products to filter non-valid pixels (persistent clouds and/or cloud
shadows in the MCD43 composite) as well as for identifying zones with low-quality pixels. Because
of the above-mentioned assumptions of the MCD43 product, further improvements of the proposed
methodology will include the uncertainty propagation of the reflectance input data to our retrievals
for operational use.
The comparison results between retrieved LAI/FAPAR and the reference MODIS product revealed
good spatial consistency. However, there are differences in mean LAI values over dense forests (up to
1.4 m2/m2). The underestimation in high LAI values could be partly explained by two factors:
(1) differences in the algorithms used to estimate the LAI; and (2) the use of distinct LAI definitions for
each product estimates. Namely, the LAI retrieved by the proposed chain is based on the inversion of
a RTM assuming the canopy as a turbid medium. This approximation provides estimates closer to an
effective LAI (LAIe f f ). In turn, the MODIS retrieval algorithm accounts for vegetation clumping at leaf
and canopy scales through radiative transfer formulations, therefore estimated values should be closer
to actual LAI (LAIactual). The relationship between LAIe f f and LAIactual is given by LAIactual
LAIe f f
Ω
being Ω the cumpling index. Similar underestimation behaviour was found by other studies when
comparing MODIS LAI products and LAI retrievals from RTM inversion [59,63]. Yan et al. [59]
found RMSE = 0.66 m2/m2 and RMSE = 0.77 m2/m2 when comparing MODIS C6 LAI estimates with
ground LAIactual and LAIe f f measurements respectively, as well as larger uncertainties in high LAI
values. Regarding FAPAR, an overall negative bias is found for all biomes. However, this bias could
not be regarded as an issue in the estimations, since different studies have pointed out a systematic
overestimation of MODIS retrievals in both C5 and C6 at low FAPAR values as a main drawback of the
product [59–61]. For example, Xu et al. [64] assessed MODIS FAPAR through comparisons to ground
measurements available from 2012–2016, obtaining a reasonable agreement (R2 = 0.83, RMSE = 0.10)
but with an overall overestimation tendency (bias = 0.08, scatters distributed within 0–0.2 difference).
Similar results (R2 = 0.74, RMSE = 0.15) were reported by Yan et al. [59] using globally distributed
FAPAR measurements. The study evidenced a clear overestimation of FAPAR over sparsely-vegetated
areas, as noted previously in other studies [60].
It is worth mentioning that neither the FVC nor the CWC products are available on GEE. Moreover,
there is no global and reliable CWC product with which to compare the CWC estimates derived by the
proposed retrieval chain. Regarding FVC, there are only a few global products that differ in retrieval
approaches and spatiotemporal features. Since the main objective of the manuscript is to provide
a generic biophysical retrieval chain, including the validation with the corresponding biophysical
variables over GEE, the comparison of parameters not provided by GEE is out of the scope of the paper
and could be addressed in future works.
6. Conclusions
This paper proposed a processing chain for the estimation of global biophysical variables
(LAI, FAPAR, FVC, and CWC) from long-term (15-year) MODIS data in GEE. The approach takes
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the advantage of exploiting Earth observation data rapidly and efficiently through the GEE cloud
storage and parallel computing capabilities. The retrieval methodology is based on a hybrid approach
combining physically-based radiative transfer modelling (PROSAIL) and random forests regression.
The leaf parameter co-distributions employed during the radiative transfer modelling step were
obtained by means of exploiting the TRY database. This allowed a better PROSAIL parametrization
based on thousands of chlorophyll, water, and dry matter content ground measurements at leaf
level. The increasing amount of available plant trait data in TRY (containing thousands of records)
alleviates the need of a more realistic representation for some of the input parameters in radiative
transfer models.
A validation exercise was undertaken over the BELMANIP2.1 network of sites by means of
inter-comparison of the derived LAI and FAPAR with the MODIS reference LAI/FAPAR product
available on GEE. The obtained results highlight the consistency of the estimates provided by the
retrieval chain with the reference MODIS product. However, lower/poorer correlations were found
for evergreen broadleaf forests when compared with the rest of biomes. These discrepancies could
be mainly attributed to different retrieval approaches and variables definition, since derived LAI
estimates are closer to LAIe f f rather than LAIactual derived by the MOD15A3H product. In addition,
derived FAPAR stands only for photosynthetic elements of the canopy while FAPAR provided by
MODIS also accounts for non-photosynthetic elements. The proposed retrieval chain also derived
globally both FVC and CWC variables which are not provided by any GEE dataset.
The results demonstrated the usefulness of GEE for global biophysical parameter retrieval and
opened the door to user self-provisioning of leaf and canopy parameters in GEE for a wide range of
applications including data assimilation and sensor fusion.
Supplementary Materials: A toy example of the code is available at https://code.earthengine.google.com/
e3a2d589395e4118d97bae3e85d09106.
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